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Motivated by the empirical study that identifies a correlation between particular social responses and different
interaction ranges, we study the q-voter model with various combinations of local and global sources of
conformity and anticonformity. The models are investigated by means of the pair approximation and Monte
Carlo simulations on Watts-Strogatz and Barabási-Albert networks. We show that within the model with
local conformity and global anticonformity, the agreement in the system is the most difficult to achieve, and
the role of the network structure is the most significant. Interestingly, the model with swapped interaction
ranges, namely with global conformity and local anticonformity, becomes almost insensitive to the changes
in the network structure. The obtained results may have far reaching consequences for marketing strategies
conducted via social media channels.
The concept of short-range and long-range inter-
actions is well-known in statistical physics. By
analogy, the same idea can be applied to so-
cial systems and models of opinion dynamics.
In the era of digital communication technolo-
gies, both local and global sources of social in-
fluence can drive human behavior. These two
sources, which are typically associated with peo-
ple’s friends’ and strangers’ opinions verbalized
on various online forums, may induce a different
kind of social response (e.g., conformity or anti-
conformity). Many empirical studies confirm this
phenomenon, and our study is directly inspired
by one of them. In particular, we ask a ques-
tion about the importance of these sources, in-
fluencing social responses on the individual (mi-
croscopic) level, in shaping beliefs and opinions
in the society (macroscopic level). To answer this
question, we analyze an opinion formation model
with different combinations of local and global in-
teractions that excite different types of social re-
sponse. Our analysis indicates that the friendship
network structure is the most relevant if people
conform locally (to friends) and anticonform glob-
ally (to strangers), which is particularly interest-
ing from the social point of view.
I. INTRODUCTION
As noted by Kardar and Kaufman: “The study of
competing short-range and long-range interactions is rel-
a)Electronic mail: katarzyna.weron@pwr.edu.pl
evant to a variety of problems in statistical mechan-
ics”1. Indeed, one can easily indicate a number of nat-
ural processes in which elements interact both locally
and globally2,3. However, the mutual existence of forces
with different length-scales is not only limited to phys-
ical or biological systems. In fact, more and more em-
pirical studies are pointing out that the overall social
influence results from such a composition of local and
global interactions4–6. In the era of omnipresent mass
media and online social networking, people’s interactions
are certainly no longer restricted to physical contacts.
Their range, in fact, extends easily even beyond geo-
graphical borders. This rises justified questions about
the significance of these interactions in shaping trends
and opinions. How does the range of the specific type
of social interactions influence the agreement in the so-
ciety? What is the role of the social network in shaping
opinions and how this is related to the specific type and
range of interactions?
Our work is directly inspired by a recent correlation
study on social influence in online movie ratings5. Hav-
ing analyzed tendencies among reviewers to conform to
already existing comments, the authors reached a con-
clusion that opinions expressed by friends and strangers
cause different social responses. It turned out that those
shared by the friends only led to conformity in issued
reviews, whereas those of strangers might also excite an-
ticonformity depending on the movie popularity. These
findings suggest that some types of social responses may
be associated with specific interaction lengths. Concern-
ing a friendship network in this particular study, local
interactions with nearest neighbors manifested only con-
forming nature, whereas those global ones with strangers
also displayed anticonforming properties.
These observations encouraged us to check how such
differentiation between interaction ranges will impact a
2well-known model of opinion dynamics that already in-
corporates these two types of social response, that is,
the q-voter model7. In the work, we compare four ver-
sions of this model with different combinations of lo-
cal and global sources of conformity and anticonformity.
Although global forces have already been considered in
some studies on opinion dynamics, they were introduced
in the form of effective interactions in the mean-field
spirit2,8,9. These effective fields can be interpreted as
mass media since they convey the same message to all
individuals across the system. Our global interactions
have a different character because they originate from in-
dividual opinions. The models are analyzed on different
complex networks that may represent social structures.
We determine how the range of interactions influences the
agreement in such systems and how the network structure
impacts the behavior of our models. Interestingly, the
network structure is almost irrelevant to the final state of
the system if proper interaction lengths are mixed. How-
ever, if we combine the same interaction types but with
the swapped ranges, the system becomes highly sensitive
to structural changes.
II. MODEL DESCRIPTION
Our study concerns one of the twin models introduced
in Ref.7. Both of them are modifications of the nonlin-
ear q-voter model10 and are directly linked to existing
psychological models of social response11. The first one
is called the q-voter model with anticonformity, whereas
the second one the q-voter with independence. We focus
on the former to align with the social responses identi-
fied in the correlation study on movie ratings5. The lat-
ter model is closely related to the nonlinear noisy voter
model11,12, and it has already been analyzed on complex
networks by the use of the pair approximation and Monte
Carlo simulations13. The q-voter model with anticonfor-
mity, which is considered herein, has been analyzed so far
only at the mean-field level on the single7 and the double-
clique topology14. Besides two modifications mentioned
above, the nonlinear q-voter model has been developed
in many directions15–22, for a recent review see Ref.11.
All of the above-mentioned q-voter models originate
from the voter model23, which has already been stud-
ied for several decades across disciplines under differ-
ent names. We can find related archetypal models in
biology24, genetics25, and economy26. In physics, the
voter model plays an important role in the studies on
non-equilibrium phenomena27–29. Practical applications
of the voter model are known as well. For example, it has
been used to recreate statistical properties of U.S. pres-
idential elections in the model based on social influence
and recurrent mobility – the SIRM model30. Another
voter-based model has been proposed to describe the fluc-
tuation of vote share in the same elections31. Moreover, a
generalization of the SIRM model that also covers multi-
party systems has been applied to Swedish parliamentary
(a) (b)
FIG. 1. Idea of (a) local and (b) global interactions repre-
sented for the system composed of N = 20 voters. Both
figures present the same friendship network. In case of lo-
cal interactions, q members of the influence group are chosen
randomly from the nearest neighbors (encircled area) of the
marked voter. In case of global interactions, the members are
selected randomly from all the voters in the system. Sampling
occurs without repetition.
elections32.
Opinion spreading in our setting takes place on a net-
work that illustrates a social structure where nodes are
voters, and links indicate relationships between them.
Each node can be in two states j ∈ {1,−1}, or equiv-
alently j ∈ {↑, ↓} for simplicity of notation. The states
represent different opinions, suppose a positive and a neg-
ative one. Voters may change them under two competing
interactions recognized as different forms of social influ-
ence – conformity and anticonformity11. In every time
step, we choose at random a voter (a target of influ-
ence) and a group of influence comprised of q randomly
picked voters without repetition. If all q members of
the group have the same opinion, social influence is trig-
gered. Then, with probability p, the chosen voter acts as
an anticonformist and adopts the opposite opinion to the
group. Otherwise, with probability 1− p, it behaves like
a conformist and takes the group opinion. The difference
between the original model from Ref.7 and the one we an-
alyze here is the set of voters form which we choose the
members of the influence group. Originally, the mem-
bers of the influence group were picked from the nearest
neighbors of a given voter. In the friendship network, it
translates to forces between friends – local interactions;
see Fig. 1(a). In the current study, we also consider global
interactions, which are not limited by the network struc-
ture. In this case, the group members are selected from
the entire population of voters, involving also strangers;
see Fig. 1(b).
The introduction of global interactions is directly in-
spired by the correlation study5, in which the differen-
tiation between the influence of friends and strangers is
made. In this study, local interactions manifested only
conforming nature, whereas global interactions could
induce either conforming or anticonforming behaviors.
However, we can imagine that it is the social context
that dictates the range and the type of interactions. In
fact, according to the optimal distinctiveness theory, if
people feel overly similar to their group members, they
3try to differentiate themselves33, so there is also a rea-
soning behind local anticonforming behaviors. Therefore,
we compare four versions of the q-voter model with all
possible combinations of local and global sources of con-
formity and anticonformity. We use the following bold
acronyms to refer to these models:
• GAGC – global anticonformity and global confor-
mity,
• GALC – global anticonformity and local confor-
mity,
• LAGC – local anticonformity and global confor-
mity,
• LALC – local anticonformity and local conformity.
Below, we present an algorithm used for generating one
step of the above models:
1. Choose randomly one node in the network.
It represents a voter that is about to reconsider its
opinion under the social influence.
2. Determine whether the voter will behave
like a conformist or anticonformist. With
probability p, it acts as a conformist, otherwise,
with complemantery probability 1− p, it acts as a
nonconformist.
3. Select the members of the influence group.
Depending on the interaction length considered in
the model, choose randomly and without repetition
q nodes
(a) from the neighbors of the voter determined by
the network structure in case of local interac-
tions, see Fig. 1(a), or
(b) from all the voters in the system in case of
global interactions, see Fig. 1(b).
4. Subject the voter to the social influence. The
voter yields to the social pressure only when all
the members of the influence group have the same
opinion. Thus, when the group is unanimous,
(a) the voter takes the opposite opinion to the one
shared by the group in case of anticonformity,
or
(b) it takes the same opinion in case of conformity.
If the influence group is not unanimous, the voter
sticks with its old opinion.
One Monte Carlo step corresponds to N repetitions of
the above steps, where N is the network size (i.e., the
number of voters in the system).
III. ANALYTICAL CALCULATIONS
Our analytical approach is based on the pair approxi-
mation, an enhanced version of the standard mean-field
approach. This formalism is especially useful in problems
involving static as well as adaptive networks11, and it has
already been applied to various binary-state dynamics34.
Let b and cj denote concentrations of active links and
nodes in state j, respectively. An active link is a link that
connects voters with opposite opinions. For the notation
simplicity, we put c ≡ c↑. The conditional probability
of choosing an active link from all the links of a node in
state j is approximated by θj = b/(2cj). Having defined
these quantities, the time evolution of our system can be
expressed in two differential equations that in the limit of
infinite network size have the following general forms11,13:
dc
dt
= −
∑
j∈{1,−1}
cj
∑
k
P (k)
k∑
i=0
(
k
i
)
θij(1− θj)
k−i
× f(i, j, k)j, (1)
db
dt
=
2
〈k〉
∑
j∈{1,−1}
cj
∑
k
P (k)
k∑
i=0
(
k
i
)
θij(1− θj)
k−i
× f(i, j, k)(k − 2i), (2)
where P (k) is the degree distribution of a considered net-
work, and 〈k〉 is its average node degree. Only function
f(i, j, k) is model dependent and stands for the probabil-
ity that a node in state j changes its opinion given that
exactly i out of its k links are active. We assume that this
number of active links, i, is binomially distributed with
probability θj . This assumption, however, may be ques-
tionable, especially for highly clustered networks, where
the neighbors of a node are likely to be connected, and
thus their states may be correlated.
We consider four models with different combinations
of local and global interactions. Each of them has its
specific f(i, j, k) function:
• GAGC – global anticonformity and global confor-
mity:
f(i, j, k) = pcqj + (1− p)c
q
−j , (3)
• GALC – global anticonformity and local confor-
mity:
f(i, j, k) = pcqj + (1− p)
i!(k − q)!
k!(i− q)!
, (4)
• LAGC – local anticonformity and global confor-
mity:
f(i, j, k) = p
(k − i)!(k − q)!
k!(k − i− q)!
+ (1− p)cq−j , (5)
• LALC – local anticonformity and local conformity:
f(i, j, k) = p
(k − i)!(k − q)!
k!(k − i− q)!
+ (1− p)
i!(k − q)!
k!(i− q)!
. (6)
4After summing over i and k in Eqs. (1) and (2), similarly
as in Ref.13, we get the following:
• GAGC – global anticonformity and global confor-
mity:
dc
dt
=−
∑
j∈{1,−1}
cj
[
pcqj + (1− p)c
q
−j
]
j, (7)
db
dt
=2
∑
j∈{1,−1}
cj
[
pcqj + (1− p)c
q
−j
]
(1− 2θj). (8)
• GALC – global anticonformity and local confor-
mity:
dc
dt
=−
∑
j∈{1,−1}
cj
[
pcqj + (1− p)θ
q
j
]
j, (9)
db
dt
=
2
〈k〉
∑
j∈{1,−1}
cj
{
pcqj〈k〉(1− 2θj)
+(1− p)θqj [〈k〉 − 2q − 2 (〈k〉 − q) θj ]
}
. (10)
• LAGC – local anticonformity and global confor-
mity:
dc
dt
=−
∑
j∈{1,−1}
cj
[
p(1− θj)
q + (1− p)cq−j
]
j, (11)
db
dt
=
2
〈k〉
∑
j∈{1,−1}
cj {p(1− θj)
q [〈k〉 − 2(〈k〉 − q)θj ]
+(1− p)cq−j〈k〉(1 − 2θj)
}
. (12)
• LALC – local anticonformity and local conformity:
dc
dt
=−
∑
j∈{1,−1}
cj
[
p(1− θj)
q + (1− p)θqj
]
j, (13)
db
dt
=
2
〈k〉
∑
j∈{1,−1}
cj {p (1− θj)
q
[〈k〉 − 2 (〈k〉 − q) θj ]
+(1− p)θqj [〈k〉 − 2q − 2 (〈k〉 − q) θj ]
}
. (14)
Note that after summing over k, we get differential equa-
tions that depend only on the average degree of a given
network 〈k〉 and not on its entire node degree distribu-
tion P (k). Of course, this result is owed to the specific
form of function f(i, j, k) that gives a linear function with
respect to k after the summation over i13.
The steady states are determined by the conditions
dc/dt = 0 and db/dt = 0. Below, we present a list of
formulas for the steady solutions and for the points at
which the solutions at c = 1/2 become unstable. We
designate these points as p∗. For continuous phase tran-
sitions, these are the transition points between phases
with (i.e., c 6= 0.5) and without the majority opinion
(i.e., c = 0.5). In the case of LALC and LAGC models,
we were not able to obtain the explicit formulas for b(c),
so we present the implicit ones.
• GAGC – global anticonformity and global confor-
mity:
For c 6= 1/2:
p =
c(1 − c)q − (1− c)cq
(1− c)q − cq
(15)
and
b = 2c(1− c). (16)
For c = 1/2: b = 1/2 for arbitrary values of p and
p∗ =
q − 1
2q
. (17)
• GALC – global anticonformity and local confor-
mity:
For c 6= 1/2:
p =
cθq↑ − (1− c)θ
q
↓
(1− c)q+1 − cq+1 + cθq↑ − (1− c)θ
q
↓
(18)
and
b = 2
〈k〉
[
c(1− c)2q+1 − (1− c)c2q+1
]
− q [c(1− c)q + (1− c)cq]
[
(1− c)q+1 − cq+1
]
〈k〉 [(1− c)2q − c2q]− q [(1 − c)q + cq] [(1− c)q+1 − cq+1]
. (19)
For c = 1/2:
p =
[〈k〉 − 2q − 2(〈k〉 − q)b] bq
[〈k〉 − 2q − 2(〈k〉 − q)b] bq − 2−q(1− 2b)〈k〉
(20)
5and
p∗ =
1
1
2q
q+1
q−1
(
1 + 〈k〉〈k〉−q−1
)q
+ 1
. (21)
• LAGC – local anticonformity and global confor-
mity:
For c 6= 1/2:
p =
c(1 − c)q − (1− c)cq
c(1− c)q − (1 − c)cq + (1− c)(1 − θ↓)q − c(1 − θ↑)q
(22)
and
0 =c(1− c) [(1− c)q(1− θ↓)
q − cq(1− θ↑)
q] (1− θ↑ − θ↓)
〈k〉
q
+ [c(1− c)q − (1− c)cq] [cθ↑(1− θ↑)
q + (1− c)θ↓(1− θ↓)
q] . (23)
For c = 1/2:
p =
2−q(1− 2b)〈k〉
2−q(1− 2b)〈k〉 − [〈k〉 − 2(〈k〉 − q)b] (1− b)q
(24)
and
p∗ =
1
q+1−∆
q−1+∆
(
1 + ∆
q−1
)q
+ 1
, (25)
where ∆ = 〈k〉 −
√
〈k〉2 + (q − 1)2.
• LALC – local anticonformity and local conformity:
For c 6= 1/2:
p =
cθq↑ − (1− c)θ
q
↓
(1 − c)(1− θ↓)q − c(1− θ↑)q + cθ
q
↑ − (1− c)θ
q
↓
(26)
and
0 =c(1 − c)
[
θq↑(1− θ↓)
q − θq↓(1− θ↑)
q
]( 〈k〉
q
− 1
)
(1 − θ↓ − θ↑)− (1− c)
2θq↓(1− θ↓)
q + c2θq↑(1− θ↑)
q. (27)
For c = 1/2:
p =
[〈k〉 − 2q − 2(〈k〉 − q)b] bq
[〈k〉 − 2q − 2(〈k〉 − q)b] bq − [〈k〉 − 2(〈k〉 − q)b] (1− b)q
(28)
and
p∗ =
q − 1(
1 + q 〈k〉−2〈k〉
)(
〈k〉
〈k〉−2
)q
+ q − 1
. (29)
IV. ANALYTICAL RESULT DISCUSSION
First, let us stress that in GAGC dynamics, the
members of the influence group are selected randomly
from the entire population of voters in the system, so
naturally the network topology has no impact on the
model behavior. The system behaves exactly the same
as on a complete graph. This can be interpreted as a
purely mean-field description of the q-voter model with
anticonformity7,11. Therefore, we use GAGC model as
a benchmark for the other three models, which do involve
local interactions. GAGC model exhibits only continu-
ous phase transitions for which the transition point rises
along with the number of representatives in the influence
group q, whereas the relation between steady values of b
and c does not depend on the group size. On the other
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FIG. 2. Bifurcation diagram obtained within the pair approx-
imation for q = 5 and 〈k〉 = 14. Symbols correspond to dif-
ferent dynamics: • GALC, × LALC, and N LAGC. Thick
lines refer to the mean-field results (i.e., GAGC dynamics).
hand, GALC model resembles the most the social dy-
namics revealed in the cited study on movie ratings5.
Within the pair approximation, only one network pa-
rameter is essential for the behavior of the models with
local interactions, namely the average node degree of the
network 〈k〉. The formulas for the steady solutions from
the previous section are presented in the bifurcation di-
agrams in Fig. 2 for sample parameters. On the other
hand, the first three columns of Fig. 3 illustrate how the
average node degree influences these diagrams. One row
represents one model. The thick black lines correspond
to GAGC dynamics as a reference. In each subplot, the
group size q is fixed, and only the average degree of the
network 〈k〉 changes. Arrows indicate the direction in
which 〈k〉 increases.
We have found that for any fixed value of 〈k〉 and q,
the order of the dynamics (i.e., GALC, LALC,GAGC,
and LAGC) from left to right in (p, c) plane and from
bottom to top in (c, b) plane is conserved (compare sub-
plots in Fig. 3). It means that the agreement is the hard-
est to achieve within GALC model, whereas the easiest
within LAGC model.
As expected, all the dynamics approachGAGCmodel
in the limit 〈k〉 → ∞. Along this way, the change of the
transition type may occur, see the last column of Fig. 3.
This limiting behavior immediately begs the question of
whether our differentiation between global and local in-
teractions makes sense in real social structures. After
all, it may turn out that the average node degree of
a real friendship network is large enough to make the
differences induced by these forces negligible. In such
a case, simple GAGC model would be sufficient. For
many real structures35, including social networks36–39,
the average node degree is less than 100 or around this
value. In fact, some studies suggest that the mean num-
ber of friends varies typically from 5 to 150 depending on
the rated emotional closeness between them37–39. More-
over, this number remains rather stable in time even
though the friendship network itself may evolve36. In
the study on movie ratings5, the average node degree of
the network equals around 〈k〉 = 50. Therefore, in the
next section, we check weather there are still observable
differences between the models for this reality-inspired
value of 〈k〉. Moreover, we compare our analytical results
with the outcomes of Monte Carlo simulations on Watts-
Strogatz and Barabási-Albert networks, which may rep-
resent some social structures35.
V. MONTE CARLO SIMULATIONS
First, we test our analytical predictions by carrying
out Monte Carlo simulations on networks generated by
Watts and Strogatz’s algorithm40, with the link rewiring
probability β. This structure is able to recreate the small-
world phenomenon present in real societies35. Moreover,
it allows us to interpolate between regular (for β = 0)
and random graphs (for β = 1) by tuning the parame-
ter β. During this interpolation, many network features
change, like the average shortest path length or the clus-
tering coefficient. However, the average node degree re-
mains unchanged. This property of the network make it
particularly attractive for our study since only the aver-
age node degree of the network is relevant in the pair ap-
proximation. In Fig. 4, the network size and the average
node degree correspond to the real social network used
in the empirical study on movie ratings5 (i.e., N = 28160
and 〈k〉 = 50). On the other hand, when it comes to the
choice of the influence group size, there are some psycho-
logical evidence that groups comprised of 3 to 5 members
can already achieve the maximal persuasive power11,41.
Thus, we present the results for q = 4. As seen, only
LAGC dynamics creates the same phase diagrams in
the full range of the parameter β, even for highly clus-
tered networks (small β). The other two dynamics are
more sensitive to structural changes, and they give the
results consistent with the pair approximation only for
high enough values of the rewiring probability. However,
graphs that describe the best real social networks are
obtained for smaller values of β (for which the network
remains clustered but already has a small average path
length35). Such graphs are called small-world networks,
and in these cases GALC and LALC dynamics differ
significantly from the analytical results. The structure
of a network is the most important for GALC model.
In Fig. 4(c), we even see that there is a specific value
of β for which the dependency between b(p) becomes a
non-monotonic function for this dynamics. This is a par-
ticularly interesting result if we recall thatGALC model
corresponds to the empirical findings5.
We also run the simulations on Barabási-Albert net-
works, see Fig. 5, as representatives of scale-free net-
works, which appear in some social structures as well, like
in various collaboration networks35. Since these networks
are much more heterogeneous with respect to degrees of
nodes in comparison with Watts-Strogatz networks, one
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FIG. 3. Response of the bifurcation diagrams to changes in the average node degree of the network 〈k〉 (the first three columns)
and the phase maps that indicate the type of phase transitions predicted by the pair approximation (the last column). Figures
in the same row correspond to one model: (a)-(d) GALC, (e)-(h) LALC, and (i)-(l) LAGC. For all the bifurcation diagrams,
the group size is the same (q = 3). Thin lines refer to different values of 〈k〉 ∈ {8, 10, 16, 30}. Arrows indicate the direction in
which 〈k〉 increases. Thick lines represent GAGC model, which serves as a reference since all the other dynamics approach it
in the limit 〈k〉 → ∞.
may expect the simulations to deviate more from the the-
oretical predictions, which rely on a certain kind of the
mean-field approximation and depend only on the aver-
age node degree. Having compared Figs. 4 and 5, we see,
however, that the pair approximation gives more accurate
predictions for heterogeneous scale-free networks than for
highly clustered Watts-Strogatz networks. We can arrive
at the same conclusion studying Ref.13, where the q-voter
model with independence is simulated on scale-free net-
works also with other power-law tails.
Lastly, since the pair approximation indicates that
models with local interactions may exhibit discontinu-
ous phase transitions, in contrast to GAGC dynamics,
provided that the ratio of q to 〈k〉 is tuned properly (see
the last column of Fig. 3), we have conducted simula-
tions with other sets of parameters. However, we have
not detected any discontinuous phase transitions in the
simulations despite their presence in the analytics.
VI. CONCLUSIONS
Inspired by the empirical study showing association
between particular types of social responses and different
influence ranges, we proposed and analyzed four models
of opinion formation with different combination of lo-
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FIG. 4. Phase diagrams for all the models on Watts-Strogatz networks of the size N = 28160 and the average node degree
〈k〉 = 50. Figures in the same row correspond to one model: (a)-(c) GALC, (d)-(f) LALC, and (g)-(i) LAGC. The size of
a network and the average node degree correspond to the real social network used in the empirical study on movie ratings5.
The group of influence consists of q = 4 members for all the cases. Symbols represent the outcomes of Monte Carlo simulations
for different rewiring probabilities β. Thick and thin lines refer to the mean-field (i.e., GAGC dynamics) and the pair
approximation, respectively.
cal and global interactions. Our analysis indicates that
the agreement is the most difficult to achieve in systems
with global anticonformity and local conformity (GALC
model). In these cases, the average opinion is the most
sensitive to structural changes in the friendship network,
and the range of p for which one opinion dominates over
the other is the smallest. A system that exhibits such
interactions is reported in the cited study on movie rat-
ings. In contrast, combining local anticonformity with
global conformity (LAGC model) makes the average
opinion more resistant to structural changes. In these
cases, the influence of the network structure on the final
opinion is negligible for the parameters that characterize
many real social systems, and only the average number of
friends in the population impacts the result. Although
the limiting behavior of all the dynamics is the same,
the differences between them are significant for the typi-
cal values of the average node degree found in real-world
structures. Thus, the differentiation between interaction
ranges seems to be justified.
In the literature, there are more examples of social
systems that can exhibit in-group conformity and inter-
group differentiation33. Such behaviors reinforce social
identity. Therefore, some studies point to them as one
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FIG. 5. Phase diagrams for all the models on Barabási-Albert networks of the size N = 28160 and the average node degree
〈k〉 = 50 with relations (a) c(p), (b) b(c), and (c) b(p). The size of a network and the average node degree correspond to the
real social network used in the empirical study on movie ratings5. The group of influence consists of q = 4 members for all the
cases. Symbols represent the outcomes of Monte Carlo simulations, whereas lines correspond to the analytical results.
of the potential factors that contribute to the recent
increase in effective party polarization in the United
States42–44. Such polarization can be observed even
within a binary-vote scheme, which corresponds to our
model. For example, the analysis of millions of roll-call
votes cast (where a vote is coded as 1 for ’Yes’ and 0
otherwise) in the U.S. Congress over the past six decades
allowed to show clearly increasing political polarisation44.
The growth of new social media is listed as one of poten-
tial reasons for this phenomenon.
If we relate the polarisation to the disordered state
in our model, i.e., the state in which both opinions are
equally likely, we can conclude that the polarisation is
the most supported by the short-range conformity com-
bined with long-range anticonformity (GALC model),
what seems to happen in social media.
The study on social influence in online movie ratings
was merely an inspiration for this study, and it cannot
be used directly to validate our model. However, our
study should be considered in the broader context of so-
cial polarization and its growth-promoting factors. From
this point of view, obtained results seem to be realis-
tic – polarisation is obtained for the broadest range of
control parameter p within GALC model. Interestingly,
the same version of the model is also the most sensi-
tive to the network structure. The last result may have
far reaching consequences for marketing strategies con-
ducted via social media channels. As long as we conform
to the nearest neighbors and anticonform to strangers,
top-down manipulations that change the network struc-
ture can influence the public opinion significantly.
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